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Abstract: Near infrared spectroscopy is a common method for analysis of
food, soil and pharmaceutical products. New developments in sensor tech-
nology, like hyperspectral camera systems and mobile spectrometers, allow
broad applications of spectroscopy with devices out of specialized labora-
tories. Therefore, it is necessary to develop robust algorithms for classifi-
cation and regression, regardless of the device. The key to robust analysis
lies in data preparation to get standardized spectral information from each
device. Wavelet based feature extraction could be a possible method to com-
press spectral data to its material specific absorption information. A method
for wavelet based feature extraction, which also reduces the influence from
elastic scattering effects is proposed in this report.
1 Introduction
In order to ensure the high standards of food quality, monitoring measurements
are required throughout the entire production process right up to the customer.
Optical spectroscopy in the visible and near-infrared spectrum can be used as a
non-destructive and non-contact measuring method on foods for quality deter-
mination. Compared to laboratory tests, the result of an optical measurement is
immediately available [LGGFR17].
In the future, the development of compact and cost-effective sensor technology
will facilitate the dissemination of spectroscopy. Due to advancing developments
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in microsystems technology, it has been possible to integrate different measure-
ment methods like tunable Fabry-Perot filter, fourier-transform or scanning grat-
ing systems into miniaturized sensors. A series production at prices of a few US
dollars has already been announced. A ”food scanner” is just one possible ap-
plication. The integration of these sensors in the Internet of Things (IoT) or a
smartphone is also possible and opens up a variety of other applications in the
field of quality and process control [RDC17, DWKR16].
The comparability of spectroscopic data across different devices is one of the
great challenges in spectroscopy. It is gaining in importance as networking
of spectral sensors grows. In the history of spectroscopy, many approaches
to spectral preprocessing [RvdBE09] and transfer of models [FWT+02] have
been developed. Wavelet transformation has also been used for pre-processing
[MNHG96].
The approach presented below attempts to extract physical features from spectral
data, which only represent the absorption by molecule vibrations or electron exci-
tations. Therefore, a wavelet transformation of the spectral data with an approx-
imation function like Gaussian or Lorentzian shape is used to get these features
in connection with derivative pre-processing.
2 Physical model of the interaction
between light and matter
The method presented in this article is based on the idea of describing the mea-
surement signal by a physically motivated model. The analysis, based on phys-
ical model parameters, provides a level of abstraction in which specific dis-
turbing influences can be specifically suppressed. At the same time, sensor-
independent chemometric modeling is possible. The following section sum-
marizes the physical factors that the author considers relevant to the theoretical
signal model.
Interaction with matter leads to an extinction Q of light intensity. The extinction
process depends on the wavelength and contains an overlay of different signals
from different origin. In the following, the name spectral signature is used as
an umbrella term for the raw signal, which is an overlay signal of chemical and
















Figure 2.1: The incident light interacts with a sample. By elastic scattering within the
sample, the photons are deflected by an angle θ. The most common interaction processes
of the photons with the sample are shown in a block diagram.
physical properties as well as the environment. In the following, influencing
variables are exemplified and summarized in three categories.
• Chemical properties of the sample, which are determined by absorption
and fluorescence effects, which are related to specific excitations of elec-
tron states and molecular vibrations and thus produce a material-specific
spectral signature.
• Physical properties, which depend, for example, on the shape of the sam-
ple, a surface condition of the sample or, in the case of a sample in powder
form, on a degree of grinding of the powder and other properties. There is
also an influence of the geometry between the measurement object and the
sensor or the light sources and the sensor. This influence changes the mea-
sured spectral signature and thus also makes the comparability of different
measuring devices more difficult.
• Sensor properties, which are caused for example by different sensitiv-
ity or different spectral measuring ranges, complicate the comparability of
measurement results of different measuring devices.
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It is reasonable to assume that the three categories are independent. The scat-
tering theory will be used, to describe these processes in detail.
The occurrence of fluorescence effects should not initially be considered in the
following model. However, the analysis model shown below can be extended
at any time by fluorescence effects. Inelastic scattering signals from Stokes and
Antistokes processes, also known as the Raman effect, are neglected due to the
signal strength from 10−6 to 10−9 compared to the output signal.
The following model summarizes the influencing variables of the measurement
signal: An optical sensor detects the light emitted by a sample. The measured re-
flection or transmission signal is considered with respect to the light emitted from
the light source. Only a part of the light emitted by the sample can be detected
in the solid angle ΔΩsensor of the detector. This extinction Qext is composed of
the scattering of the incident light Qsca into the solid angle Ω not detected by
the sensor (Fig. 2.1). The absorption process by the electrons and the molecular
states is considered independent of the scatter and added as an additional term
Qabs:






The model includes the particle size or micro structure with a radius r, the angle
θ between the light source and sensor, and the wavelength λ dependency. The
two terms of the equation are described in detail below.
2.1 Elastic Scattering Theory
Many optical systems can be well described by geometric optics. In cases where
the object radius r is in or below wavelength ranges, the phenomena occurring
can be well described by the scattering theory of Rayleigh and Mie [CDL02].
The Rayleigh theory can be applied to describe the light scattering by particles
with radius r < 1/10λ. In this regime, the particle act as an oscillating dipole
driven by the electromagnetic field. A microscopic dipole absorbs a photon in
a virutal state, and the subsequent emission has the characteristic of a dipole
antenna. The intensity distribution
I(θ, λ) ∝ 1/λ4(1 + cos2θ)
of the scattered light results from the probability of the individual scattering
angles.
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In particles and structures whose dimension correspond to the wavelength λ,
plasmon resonances can be excited. A complete analytic solution of the Maxwell
equations exists only for spherical objects and is described in detail in the Mie
theory [Mie08]. The Mie theory can also be used for particle size determina-
tion by laser diffraction and, in particular for small objects, provides a better
result than Fraunhofer diffraction. For the following analysis, however, it is suf-
ficient to know that the solution of the Mie theory is given by the so-called Bessel
functions, which are smooth and differentiable.
In summary, the elastic scattering gives a smooth and differentiable low-
frequency signal contribution in the detected spectral signature.
2.2 Absorption
The model of a harmonic oscillator (Lorentz oscillator) can approximately de-
scribe the absorption by molecular vibrations. Wherein the solution for deter-
mining refractive indices and absorption coefficients is reproduced substantially
correctly. The dependence of wavelength of the absorption is given by the so-
called dielectric function which be approximated by a Lorentz profile. In addi-
tion, the Lorentz profile corresponds to the so-called natural linewidth, which e.g.
can be derived from the Fourier transform of a damped harmonic oscillator.
Regardless of which model is used, the exact absorption spectrum can not be
calculated as long as the individual coefficients of the electric field distribution
in the solid state, the anharmonicity of the molecular vibration, and the inter-
action with neighboring molecules are unknown. However, the course of the
dependence of wavelength of a single absorbance (or emission by fluorescence)
is represented approximately correctly by a bell shaped curve such as Lorentz
profile or Gaussian function [Dem10].
Following the preceding qualitative analysis of the dependence of wavelength of
the absorption, the relationship between an amount of substance and its absorp-
tion is now to be determined in a simple model. From the exponential attenuation








(a) The Lennard-Jones potential describes
the interaction potential of a diatomic
molecule and can be described in quadratic
approximation by a harmonic oscillator.
With increasing energy above the ground
state, anharmonic corrections must be con-
sidered.
(b) Clearly recognizable is the good ap-
proximation of the dielectric function ε by
a Lorentz profile. A Gaussian profile dif-
fers more, but this is justifiable because
absorption lines are usually extended by
disturbing effects.
Figure 2.2: Absorption on the model of diatomic molecular vibrations.
The extinction Qabs = I1/I0 causes the scaling of the bell shaped absorption
curve. A quantitative content determination appears possible due to the connec-
tion to the substance-dependent attenuation factor η, the concentration c, and the
optical path length δ.
In summary, a single absorption can be described approximately by three
parameters of a bell curve like a Gaussian.
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Figure 2.3: The extinction Qext of the chemically identical substances differs in scale and
in the baseline due to different scattering properties and due to different particle size.
3 Wavelet Based Feature Extraction
The extinction Qext of the measurement signal in Figure 2.3 is compared to a
white reflection standard. Both spectra describe the identical substance which is
sugar and only the particle size differs. It can clearly be seen that the figure shows
differences in the baseline of the two spectra and the signal strength. Therefore,
pre-processing is needed for chemical component analysis.
The most common methods for spectral pre-treatment like scatter correction, nor-
malization, and dimensional reduction are based on the spectral signature of a
single measurement system as a whole, e.g. by inclusion of the mean signal.
In addition, linear operators are destroying the connection to Beer-Lambert law.
Therefore, analysis models based on these methods can not readily be used in
another measurement environment.
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Another established possibility for the correction of multiplicative influences
is the gradient formation over the spectrum. However, the noise is amplified
and human interpretation is difficult. The wavelet analysis based on the derived
spectrum is intended to counteract these two disadvantages.
The wavelet analysis includes the neighbourhood information in the spectrum
which counteracts the noise. The easily interpretable parameters of the approx-
imated bell curve can be taken from the wavelet scalogram afterwards. In addi-
tion, the mean value of the wavelet transformation corrects another term of the
baseline. Moreover, a later normalization based only on the absorption bands
used in the model is more robust to changes in the spectral signature.
The algorithm is based on two assumptions that were explained previously:
• The baseline of the spectrum is due to the anisotropy of
the elastic scattering and can be approximated by a smooth
polynomial function.
• The absorption can be approximated by a bell-shaped
absorption function with three parameters.
For the mathematical description, the spectrum is referred to as a function
g(λ) and the continuously differentiable bell-shaped approximation function is
referred to as ψλ0,s(λ). Where λ0 is the center and s is the width of the
approximation function.
Step 1: Baseline Correction and Peak Deconvolution
The n-fold derivative of the spectrum reduces the polynomial order of the base-
line, at the same time superposed peaks are unfolded [NW84]. Noise is greatly
amplified by the derivative, which is why smoothing according to Savitzky-Golay
is used in many cases [SG64].
In the following the fact is used that the derivative operator can also be applied
to the function ψ. In the case of the second derivative, one obtains the Mexican
Hat function, which is widely used in signal processing.
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Figure 3.1: By applying the second derivative, the baseline of the spectrum was elimi-
nated. Characteristic features are clearly shown in the shape of an inverted Mexican Hat
with identical width and position in both spectra.
Step 2: Wavelet Transformation
The wavelet transformation has the character of a correlation analysis [Mal89,
Mor83]. The description of the wavelet transformation as
Γψ(λ0, s) := 〈ψλ0,S(λ), g(λ)〉
shows this fact.
The scalar product is performed for different values of λ0 and s, the resulting
wavelet coefficients from the example of sugar is shown in a scalogram (Fig.
3.2).
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Figure 3.2: For the example of sugar, the wavelet coefficient is plotted for a selected
region of si and λi. Where of the red (blue) color indicates positive (negative) energy of
the wavelet coefficient. Local maxima are highlighted by red crosses.
Step 3: Feature Extraction
Local maxima of the wavelet coefficient show the location of the best match
between the correlation function and the spectrum. From the coordinates of the
local maxima, the parameters of each feature
mi = (λi, si,Γψ(λi, si))
can be found. Wherein the wavelet coefficient also indicates the height or the
strength of the peak, which is linked via the Beer-Lambert law with the amount
of existing ingredients. Although the amount i ∈ N+ of found features is initially
not limited.
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Figure 4.1: In many cases, the algorithm has extracted the identical values even for
superimposed peaks.
4 Experimental Results
Using different sugar granules as an example, it could be shown that, despite dif-
ferent scattering properties, nearly identical features are found for the individual
features (Fig. 4.1). This confirms the invariance of the found features against
changes in the scattering properties.
Another example is to show that the features contain additional information of
individual ingredients. For this purpose, the data set of a competition for the
determination of protein in cereals by NIR spectroscopy was selected. The
training dataset comprises 1488 spectra from 248 different samples, measured
with 6 spectrometers, three spectrometers of the same model from two different
manufacturers.
Figure 4.2 shows an example of two spectra from different Instruments. For com-
parison, a virtual absorption spectrum was formed from the previously extracted
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Figure 4.2: The spectra of an identical sample recorded by two spectrometers models
from different manufacturers A and B. In the lower part is shown as an example a virtual
absorption spectrum, which was determined from the previously extracted features mi
features mi. The relevant feature for the protein concentration also determined in
the competition literature is the small peak at 1016 nm. The information about
the protein content is thus in a small hidden peak [IAB+17].
The determined features mi of all 6 spectrometers for all 248 samples are shown
in a three-dimensional feature map in a section around the relevant protein peak
(Fig. 4.3). The wavelet coefficient is normalised by referencing to a protein
independent peak. The presented method found the relevant peak in all 1488
spectra. The figure also clearly shows, that the width si and wavelet coefficient
Γψ(λi, si) of the protein peak increases with the protein content.
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Figure 4.3: The three-dimensional feature map shows the parameters of the features ex-
tracted from the training set. The protein content of the sample is shown in color. For
better visibility of the protein content, the presentation is limited to three small features.
5 Summary
The presented method is suitable for the feature extraction of superimposed ab-
sorption signals. The position and width of a peak are independent of the scaling
of the signal strength and are therefore suitable for a robust material identifi-
cation, regardless of the sample geometry and the measuring device used. The
information of the signal intensity is included in the wavelet coefficient and of-
fers the possibility to quantify an ingredient. The representation of the spectral
features mi as a list of triplets (λi, si,Γψ(λi, si) can be created for measure-
ments of sensors of different types. Classification and regression models based
on evaluation of the triplets are thus invariant with respect to the sensor used.
28 Julius Krause
The knowledge of the position and width of the absorption features also allows
further evaluations. Optical filters can be selected based on the individual fea-
tures. In addition, components of the elastic scattering parameters can be de-
termined from the residuum of the spectral signature after deduction of the ab-
sorption properties. In hyperspectral imaging, feature extraction can be used for
compression.
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